Data of long-distance tours by each household from an 8-week California Household Travel Survey travel log are analyzed in this paper. Each tour record contains summary data from a single-day diary, household sociodemographic information, and place of residence characteristics. Each tour contains a main trip, selected tours with a main trip that is not a commute trip, and added destination descriptors from Foursquare. Path analysis is used on three censored variables (tour miles by air, miles driving, and miles by public transportation) and two categorical variables (main trip tour purpose) and number of overnight stays. Annual household income is a major determinant of air travel and multiple overnight stays. Moreover, travel by air is more likely to be in large dense destinations with high attractiveness ratings. In contrast, car ownership is a major determinant of more mileage accrued driving a car to urban environments. In terms of main trip purpose, work and shopping are not associated with overnight stays and vacation/sightseeing is the purpose associated with longer overnight stays. Moreover, California destinations are more likely to be in tours completed within a day. It was also found that vacation, sightseeing, and leisure trips are more likely to be combined with other vacation and sightseeing trips. In contrast, business and combined business and leisure trips are less likely to be combined with vacation trips. There were also substantial and significant differences in long-distance tour behavior among residents of urban versus rural environments.
Long-distance travel is increasingly recognized as a major contributor to greenhouse gas emissions (1) and a possible biodiversity threat (2) . Congestion, maintenance costs, and security are also some of the long-distance travel impacts (3) . California, in support of its initiatives aiming at curbing greenhouse emissions with a plethora of policy actions, also considers long-distance travel important for policy analysis at the state level (4) . For this reason the California Household Travel Survey (CHTS) included a long distance added travel log to capture sufficient number of trips for the long-distance travel component in the statewide simulation. One of the objectives of CHTS is to also derive prototypical traveler profiles that encompass heterogeneity in long-distance travel behavior to understand long-distance travel. An extensive analysis of CHTS data, with focus on long commute trips, revealed a strong relationship between residential location characteristics and distance of the commute trip (5, 6) . Using CHTS these studies found that long-distance travel and cost of housing are strongly related, and higher-income and employed persons travel more (6) .
There is lack of consensus in the literature undermining comparisons across spatial and social contexts. First, the literature contains a variety of definitions for ''longdistance'' travel, including ones based on distance (e.g., longer than 50 miles, 100 miles, or longer than 100 kilometers) and travel time (e.g., 40 minutes). Second, longdistance travel researchers have also considered a variety of indicators including number of long-distance trips, activity before and/or after travel to workplace, mode used, time of day of trip, and destination (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16) . Most studies, however, did not address trip chaining (e.g., people going to a business location, then to a leisure destination, and then back home). In addition, very little analysis is found in differentiating trips with an overnight stay, despite the important differences between these trips and daily commuting. The choice of analysis in past studies was presumably driven by: (a) an emphasis on trips to and from work; and (b) a focus on a single trip by an individual person as the unit of analysis, instead of multiple trips from household members. This focus on commute trips is also reflected in the multitude of person factors used to explain variation in travel behavior in past research. A few studies included household structure and location characteristics but not the totality of activities at destinations away from home and the mutual influence among these activities. Long-distance trips are often chains of trips with different purposes such as business and leisure, visiting friends and sightseeing, and education and vacation. This is another neglected aspect in the analysis of long-distance travel behavior.
Taking advantage of the CHTS source of information, this study attempts to fill some of these gaps by analyzing tours of households that include a main long-distance trip with a non-routine commute purpose at the end of this main trip. This paper explores behavioral facets of non-commute long-distance travel using a type of structural equation model (SEM) called path analysis to identify determinants of travel and relationships among modes used, distance traveled, number of overnight stays, and destination types chosen by Californians. The authors also experiment with the use of social media data (Foursquare) to describe destination characteristics and their significance in explaining long-distance tour behavior. Relationships are explored among activities at the end of the main long-distance trip jointly with all other trips connected to this main trip, the role of social and demographic characteristics of the travelers, and the relationships with attractiveness indicators derived from Foursquare. To the best of the authors' knowledge, this type of analysis has never been done before.
Data Used
The CHTS data used here are from a simplified travel log that asked respondents from households to report all the trips 50 miles or longer they made in the 8 weeks preceding the day they were assigned a full travel day diary. Also used were the household demographics survey component of CHTS and a selection of data from the singleday place-based diary [for a detailed description of CHTS see NUSTATS (15) ]. The range of variables that can be analyzed depends heavily on the accuracy with which respondents reported their trips; they were generally richer in information and more accurate in location reporting in the daily diary. However, the long-distance travel log contains data that span periods longer than 24 hours and therefore a better record of trips with overnight stays away from home (16, 17) .
In order to consider as wide a range of tours and destinations as possible, the study starts by taking a generous approach to identifying tours. Long-distance tours are sequences of long-distance trips made by a household with end-to-end continuity (the destination location of each trip is the origin of the next trip), beginning with a trip from home and ending with a trip back to home. The pool of potential tours is expanded by running the tour identification process on households' 8-week longdistance logs sorted both by reported long-distance trip number and by date, keeping the results of whichever method produces a larger number of complete homebased tours for a given household (trip number ordering worked better for 91% of households). This analysis also includes tours with incomplete records, but steps are taken to account for uncertainty in duration and distance: in tours missing the from-home or to-home trip, the mode-specific mileage from whichever of those trips is present is double-counted in the tour total. This tour identification process leaves 23,511 full or partial tours to analyze (16) .
The following steps were taken to identify the primary leg of each tour to extract the primary purpose and destination characteristics:
Disqualify trips ending at an airport, with their purpose coded as ''Return Home,'' or ending within 30 miles of home. Some tours have all their destinations eliminated by this process, and 21,584 tours remain. 2,128 tours have multiple destinations; the longest-duration destination is selected for each of these. 522 tours have multiple destinations with equally long durations. To break these ties, the destination farthest from home is selected. 76 ties remain; these are resolved by selecting the first tour in order. Last, for this analysis, all commute tours are eliminated (tours that include one or more trips to usual work location; tours with business trips that are distinct from work trips in the log are retained).
The aim is to investigate tour characteristics and destination choice at the level of single tours. To do this, each tour is collapsed to a single record that contains a mix of household-level variables (income, household size, number of household cars, etc.), tour-level variables (total distance by each mode, total duration, and presence/ absence of multiple purposes), and variables that pertain to the tour's primary leg (single trip purpose and measures of destination attractiveness for the primary destination). For this analysis, the primary destination is considered to be the destination at which members of the household stayed for the most time during the tour. Table 1 shows a list of the variables analyzed here and their averages. Table 2 shows the frequencies of the categorical variables.
In the method described here the authors experimented with the derivation and use of place attractiveness indicators from Foursquare. For each destination, the space covered by the fifty closest reporting locations (points of interest (POIs) with checkin numbers) was estimated. This space is different depending on the place characteristics (e.g., low-density environments have a wider space) and the willingness of Foursquare users to check in. The second variable is the median number of individuals checking in these locations (checkins in Table  1 ). It is assumed that the larger this indicator, the more attractive the target destination is. The diversity of the destination's neighborhood is another indicator to quantify attractiveness. In this work, the entropy of feature types of the fifty closest POIs at a destination is adopted to measure diversity. Generally speaking, the larger the diversity of a neighborhood, the more attractive it is, as it affords a variety of activities. Furthermore, in order to quantify the semantic of these places, the text of the Foursquare reviews was also analyzed to identify unique topics characterizing each destination; this not reported here because it produced a wide variety of groups of words reported by Foursquare users (these groups are called topics) and did not lend themselves to typical statistical modeling. Finally, also extracted were the median ratings and median number of users by the fifty closest POIs as indicators of destination attractiveness (also reported in Table 1 ). The larger these two indicators are, the more attractive a destination is. Each household's residential area is also classified by the business density surrounding each household's dwelling into center, suburb, exurb, and rural. Business establishment density for California and a database from Dunn&Bradstreet was used (see Goulias et al. (16) ). 
Path Analysis
Path analysis is, in essence, the simultaneous estimation of a set of regression equations in which some endogenous variables are entered as determinants of other endogenous variables. Path analysis SEM can be defined as:
where y = p by 1 vector of observed endogenous variables. x = q by 1 vector of observed exogenous variables. B = p by p matrix of coefficients of the y-variables. G = p by q matrix of coefficients of the x-variables. z = p by 1 vector of equation errors. This is a covariance-based model because the difference between the sample covariance and the covariance predicted by the model is minimized. The underlying theory of this estimation procedure is that the population covariance matrix of the observed variables (S) is a function of a set of parameters: S = S q ð Þ= covariance matrix of y covariance matrix of y and x covariance matrix of x and y covariance matrix of x
where F= covariance matrix of x. C = covariance matrix of z.
The matrix P (u) consists of four matrices. The unknown parameters B, G, F, andC are estimated by finding the parameters such that the covariance matrix (P) implied by the model is as close as possible to the sample covariance matrix (S). To know when the estimates are as close as possible, a fitting function that is to be minimized is defined. Mplus, the software used here, employs maximum likelihood estimation with robust computation of the standard errors of coefficient estimates (https://www.statmodel.com).
Models and Findings
Some key details and simplifications were introduced to make the analysis tractable. First, in the software used, the number of miles flown, driven, and by public transportation are declared as censored variables to account for the large number of tours that may have zero miles for any of these modes. Second, the categories of the main purpose of the tour are reduced to three (3). The first category is for relatively flexible, not mandatory, trips to visit relatives, vacation, outdoor recreation and related; the second category is for business and combined business and leisure trips; and the last category is for shopping and medical. A Logit model was used for this categorical variable and shopping/medical is the reference category. Therefore, the regression coefficients should be interpreted in a relative way as explained shortly.
The overnight stays were recorded in a way that tours with same day (no overnight stays) are used as the reference category in a second Logit model used in this path analysis. Figure 1 shows the path diagram for the path analysis model, developed using a variety of different sequences of relationships until a best-fitting model is found. The left-hand side variables are the exogenous variables (determinants of the travel indicators) and in this formulation are the variables that ''motivate'' households to behave in a certain way. In this case, in addition to the sociodemographic and place of residence variables, also included was the decision to stay in California for the long-distance trip as determinant. This model is also called recursive in which a set of variables are determined first and then another set is considered to be a function of exogenous variables and a function of the first column of dependent variables. This forms a cascade of relationships. The miles flown, driven, and by public transportation are first in the cascade, followed by the overnight stays and main trip purpose of the long-distance tour. The arrows in Figure 1 are the regression coefficients with blue the positive coefficients and red the negative. These are also shown in Tables 3-9 with their significance. A negative coefficient in the Tables indicates negative significant correlation between the dependent variable and the explanatory variables and a positive the opposite.
The amount of air miles flown is influenced by household characteristics, traits of the tour, and the Foursquare indicators. In summary, this model shows that households with higher income are more likely to travel by air for longer distances, but larger households with many cars, living in exurbs and rural environments, and Hispanic households are less likely to travel by air long distances. They are more likely to fly long distance when one or more trips in a tour are for work-related business and/or vacation. The Foursquare relationships show tours with more air miles are more likely to be in denser areas (e.g., big cities) that received higher Foursquare ratings. When the destination is in California the tours are more likely to have a smaller number of miles flown.
The number of miles driven by car shows that tours with a higher number of mileage are done by households with more employed persons, with higher car ownership levels, living in exurbs and rural environments. Larger households are less likely to make tours with many miles driven, and households that do not live in single homes are less likely to drive far. Trip purposes have similarity to the air miles for vacation but the opposite sign for work-related business. The Foursquare variables show that these are also tours in denser areas but not with the same higher ratings of attractiveness as the air miles.
The analysis for miles riding public transportation (presumably train) shows that households of lower income, with a lower number of cars, and living in central locations are more likely to make tours with more public transportation miles. Secondary trip purposes also play an important role similar to the miles driven, with the added effect of trips to outdoor/recreation trips that are less likely to be done by traveling long distances in public transportation. These tours are also more likely at destinations in central city environments as the Foursquare logarea variable shows.
Main trip purposes in this model are grouped together for the first category for school-related activity, visit ). The estimated model for this group shows the propensity of engaging in this type of activity in the main trip is positively correlated with secondary trips for vacation and sightseeing. In addition, tours with a higher number of miles also have a higher propensity to be done for this type of purpose. Central city dwellers and of higher incomes are more likely to engage in this type of tour purpose. Interestingly, households with more daily trips are also more likely to have this type of tour purpose. The positive coefficient of the variable logarea indicates this type of purpose/activity is associated with less dense destinations. The main trip purposes in the second category are for business (work-related meeting/convention/seminar) and for combined business and pleasure. The propensity of tours having this purpose in the main trip is negatively correlated with vacation/sightseeing in the secondary trip. Households do not seem to combine these purposes. The rest of the variables show many similarities with the previous propensity. However, the logarea is not significantly different than zero, indicating tours of this type are at low-density and high-density destinations.
The last block is the analysis of the overnight stays. Recall the first category corresponds to tours that are longer than 7 nights, the second category with tours that are between 2 and 6 overnight stays, the third is for one overnight stay, and the reference category is same-day long-distance travel. The negative coefficients for the secondary trip purpose, work-related business, show that tours containing this type of purpose are more likely to be without overnight stays. The same happens for shopping. In contrast, secondary trips that combine business and pleasure, vacation/sightseeing, and outdoor recreation are more likely to have at least an overnight stay.
Vacation/sightseeing is also the purpose with the largest coefficients (and therefore probability) of being in the many overnight stays. This is exactly as expected from other sources of information. California destinations are more likely to be in the same-day travel. Longer overnight stays are more likely to be in the earlier parts of the year (however, this needs further scrutiny).
The household characteristics show an interesting pattern. Only household income is positively associated with the propensity of tours of longer than a week. Household income and the number of employed persons are positively associated with the 2 to 6-day tours and single-night tours. Household size is negatively associated with overnight stays, indicating constraints in the ability of households to spend the night outside home. Rural households are less likely to have tours with overnight stays.
Summary
In this paper data are analyzed from the CHTS longdistance travel log, assembled into tours for each responding household to an 8-week long travel log combined with data from a single-day diary and household sociodemographic information. The study identified in each tour a main trip, selected tour with a non-commute main trip, and added destination descriptors from Foursquare. Path analysis was used on three censored variables (tour miles by air, miles driving, and miles by public transportation) and two categorical variables (main trip tour purpose) and number of overnight stays. Household income was found to be major determinant of air travel, with wealthier households combining work-related trips with leisure. Moreover, travel by air of longer distance is more likely to be in large, dense destinations. In contrast, household income is negatively correlated with mileage accrued driving a car, which is positively correlated with higher car ownership. Urban dwellers with lower car ownership and income tend to travel long distances by public transportation. In terms of main trip purpose, work and shopping are not associated with overnight stays, and vacation/ sightseeing is the purpose associated with longer overnight stays. In addition, higher household income is positively correlated with multiple overnight stays. Moreover, California destinations are more likely to be in same-day tours. Using Foursquare data to describe destinations and their attractiveness produced interesting results (it was possible to distinguish lower density from higher density destinations and their relationship to travel behavior facets). However, Foursquare user ratings were not informative enough. The tours analyzed here show that when the main trip is for vacation, sightseeing, and leisure, it is also more likely to be combined with other vacation and sightseeing trips. In contrast, when the main trip is business and combined business and leisure, this trip is less likely to be combined with vacation trips. Another key finding is the substantial and significant differences in long-distance tour behavior among residents of urban versus rural environments while controlling for differences in social and demographic characteristics. This is a reflection of different contexts and heterogeneous preferences that are probed in more depth in a companion paper (17) . The data used here did not allow a clear identification of the composition of the traveling party, and this would have been a key determinant of the choices households make. Household size and number of household workers functioned as proxies, but only indicated that larger households tend not to have overnight stays (presumably because of cost), but not enough to help in understanding decision making with respect to traveling party size and composition. In addition, the simplifications imposed for analytical tractability (e.g., grouping different trip purposes together) did not allow a more fine-grained analysis of relationships among trip purposes. Another key limitation is the absence of activity duration at different destinations and the lack of destination geographic precision to study routes and activity opportunities at destinations. Moreover, the Foursquare data used here employ the simplest possible indicators, leaving out topics and recommendations for each location in combination with other social media data (18) . More statistical features, from thematic, temporal and/or spatial perspectives, could be adapted in order to better model the semantics of the destination neighborhood (19) (20) (21) . Also, aside from the area of the convex hulls, the design of the attractiveness indicators did not take into account the explicit spatial patterns of POIs in the neighborhood. For example, the POIs that are far away from a destination could be discounted in determining attractiveness. Moreover, different arrangements of POIs might show different levels of attractiveness (22) . All these factors are left for future work.
